Research linking characteristics of the neighborhood environment to health has relied on traditional regression methods where prespecified distances from participant's locations or areas are used to operationalize neighborhood-level measures. Because the relevant spatial scale of neighborhood environment measures may differ across places or individuals, using prespecified distances could result in biased association estimates or efficiency losses. We use novel hierarchical distributed lag models and data from the Multi-Ethnic Study of Atherosclerosis (MESA) to (1) examine whether and how the association between the availability of favorable food stores and body mass index (BMI) depends on continuous distance from participant locations (instead of traditional buffers), thus allowing us to indirectly infer the spatial scale at which this association operates; (2) examine if the spatial scale and magnitude of the association differs across six MESA sites, and (3) across individuals. As expected, we found that the association between higher availability of favorable food stores within closer distances from participant's residential location was stronger than at farther distances, and that the magnitude of the adjusted association declined quickly from zero to two miles. Furthermore, betweenindividual heterogeneity in the scale and magnitude of the association was present; the extent of this heterogeneity was different across the MESA sites. Individual heterogeneity was partially explained by sex. This study illustrated novel methods to examine how neighborhood environmental factors may be differentially associated with health at different scales, providing nuance to previous research that ignored the heterogeneity found across individuals and contexts. (Epidemiology 2017;28: 403-411) N eighborhoods have received attention as contributors to the obesity epidemic 1,2 because neighborhood resources may constrain individuals' health behaviors. [3] [4] [5] Specific physical features of the neighborhood environment, such as availability of specific types of food stores, [6] [7] [8] [9] [10] [11] have been examined as potential contributors to obesity. Despite increased evidence of the relationship between the neighborhood environment and obesity, several methodologic challenges remain. 12 One methodologic obstacle is the selection of spatial scale used to operationalize neighborhood measures. 13, 14 Differences across studies in the spatial scale or unit used to define neighborhood environment metrics make it challenging to compare and synthesize results. 13 There is no standard geographic shape or size within which measures of the built environment attributes are constructed. Some studies use a circular buffer around participants' residence, whereas others use census tract, block groups, and counties. However, because the mechanistically relevant spatial scale is unknown, it is usually chosen in an ad hoc manner (e.g., selecting a buffer size ½-or 1-mile radius). Incorrect selection of the spatial scale can impact the estimated associations, including severe bias in the association of interest. 15, 16 Shifts in results when altering the size or shape of the spatial unit used to examine associations is a well-recognized problem. 17, 18 Indeed, previous study has suggested that the association between the neighborhood environment and obesity is different depending on the chosen spatial scale. An additional complication is the extent to which the relevant spatial scale of contextual factors depends on cities, neighborhoods, or individuals. For instance, broad differences in built environment characteristics between cities (e.g., transportation systems) may confer differential access to food stores, potentially resulting in heterogeneity of the food environment-health associations across cites. In addition, characteristics of individuals' residential locations or neighborhood or the individuals' characteristics may also alter the spatial scale. For example, street connectivity near home may affect the distance that an individual can travel from home and thus impact the spatial scale at which causal processes linking neighborhoods to health may operate. Individual characteristics (e.g., age) may also impact travel patterns. The failure to account for variations in the relevant spatial scale across cities or individuals within cities could result in measurement error in the neighborhood factor, and thus incorrect inference. 22 To date, however, little work has explored how individual-level characteristics may change the spatial scale of contextual factors.
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An additional complication is the extent to which the relevant spatial scale of contextual factors depends on cities, neighborhoods, or individuals. For instance, broad differences in built environment characteristics between cities (e.g., transportation systems) may confer differential access to food stores, potentially resulting in heterogeneity of the food environment-health associations across cites. In addition, characteristics of individuals' residential locations or neighborhood or the individuals' characteristics may also alter the spatial scale. For example, street connectivity near home may affect the distance that an individual can travel from home and thus impact the spatial scale at which causal processes linking neighborhoods to health may operate. Individual characteristics (e.g., age) may also impact travel patterns. The failure to account for variations in the relevant spatial scale across cities or individuals within cities could result in measurement error in the neighborhood factor, and thus incorrect inference. 22 To date, however, little work has explored how individual-level characteristics may change the spatial scale of contextual factors.
Using traditional buffer-based approaches, several investigators have conducted empirical studies to examine how the choice of buffer size impacts various environment-health associations and thus help understand a relevant spatial scale on which the environment-health associations operate. [19] [20] [21] However, no studies of which we are aware have systematically investigated whether the magnitude of the associations and/or spatial scale vary as a function of individual characteristics, in part due to lack of available methods to do so. Distributed lag models were proposed for examining how the built environment-health association decreases/increases as a function of continuous distance from locations of interest without a priori specification of a buffer size. 16 By letting the association vary continuously with distance from residential locations, distributed lag models allow indirect inference on the spatial scale and circumvent the need to specify the buffer size a priori. However, these models are limited to examining associations at the population level.
Hierarchical distributed lag models, an extension of distributed lag models for hierarchical data, 23 can be used to investigate the between-group and between-individual heterogeneity in the scale and magnitude in the environment-health associations by modeling the distributed lag coefficients as random. By explicitly modeling individual-and site-specific heterogeneity, hierarchical distributed lag models can be used to examine whether and how the associations between features of neighborhood environments and health vary in the magnitudes or spatial scales across individuals within/across contexts. A previous application of hierarchical distributed lag models examined heterogeneity in associations and spatial scales across administrative areas (assembly districts). 23 Here, we use hierarchical distributed lag models to additionally investigate said heterogeneity across individual persons and contexts.
The goal of this study is to illustrate hierarchical distributed lag models as an approach to systematically exploring heterogeneity of the spatial scale and magnitude for the neighborhood environment-health association and heterogeneity in scales across individuals, neighborhoods, and cities. We use longitudinal data from the Multi-Ethnic Study of Atherosclerosis (MESA) for the time period 2000-2010 and implement hierarchical distributed lag models in a Bayesian framework 23 to (1) examine whether and how the association between the availability of favorable food stores (defined as supermarkets and fruit and vegetable markets) and body mass index (BMI) depends on continuous distance from participants' locations, thus allowing us to indirectly infer the spatial scale at which the association operates, (2) examine whether the spatial scale and magnitude of the association differs across six MESA sites, and (3) across individuals.
METHODS

Study Population
The MESA is a longitudinal study investigating the determinants of subclinical cardiovascular disease in six US cities (Baltimore, MD; Chicago, IL; Forsyth County, NC; Los Angeles, CA; New York, NY; and St. Paul, MN). Objectives and design of the MESA study were previously reported. 24 The study recruited 6,814 participants ages 45 to 84 years at baseline, free of cardiovascular disease. A baseline assessment was conducted in 2000-2002, with four follow-up exams occurring at approximately 1.5-to 2-year intervals. The MESA neighborhood study, an ancillary study to the MESA, had the overarching goal of studying how features of neighborhoods influence cardiovascular disease (CVD) and CVD risk factors 25 ; this ancillary study geocoded residential addresses for all MESA participants who agreed to participate. Of the 6,814 MESA participants, 623 subjects did not participate in the neighborhood study. Given the hierarchical nature of the hierarchical distributed lag model, repeat visits for participants were included in analyses if at the time of those visits the participants remained in their baseline MESA site. Participants' visits with incomplete information on exposure, outcome, or covariates were excluded. eTable 1 (http://links.lww.com/ EDE/B170) gives the specific number of visits and participants excluded. This study included data from 26,691 study visits from 6,143 unique participants. The study was approved by the Institutional Review Board of all participating institutions and all participants provided informed consent.
Individual Measures
We used BMI (weight (kg)/(height (m) 2 ) as the outcome. Adjustment factors included sex, race/ethnicity, age at exam 1, education; and total annual family income, marital status, smoking status, and cancer diagnosis as time-varying covariates. Total annual gross family income was categorized in 13 classes, and then a continuous income measure was generated as the interval midpoint of the selected category. As marital status and total annual gross family income were only available for three out of five exams, the marital status and income values from the previous exam were carried forward.
Neighborhood Measures
We constructed measures of street connectivity and population density for each participant's residential address. Street connectivity (network ratio) was created as the proportion of a 1-mile Euclidean-distance buffer that is covered by a buffer creating using network distance (range 0-1, with a higher proportion indicating better street connectivity 26 ). Population density (per square mile) in a 1-mile buffer was created based on block-level population data from Census 2000 or 2010. A weighted factor scale for neighborhood overall socioeconomic status (SES) was created by principle factor analysis of 16 census variables, which reflected aspects of education, occupation, household income and wealth, poverty, employment, and housing from Census 2000 27 
Food Environment Data
Food establishment data were obtained from the National Establishment Time Series (NETS) database for 2000-2010. 31 Favorable food stores were defined as supermarkets or fruit/ vegetable markets based on a total of 15 Standardized Industrial Codes (SIC) along with supermarket names derived from the Nielsen/TDLinx database. 32 Locations of food stores for every ZIP code within a 5-mile radius of participants' residential locations were obtained. This distance is longer than that used by the United States Department of Agriculture to define urban food deserts, which are areas that, even within 1 mile of them, are "vapid of fresh fruit, vegetables, and other healthful whole foods" (the distance is 10 miles for rural areas). 33 Distances between each food store and each participant's residential address were then calculated, and counts of food stores within ring-shaped areas were used as predictor variables as detailed below. As addresses of food stores around participant's residential locations may change over time, geocodes for participants' residential locations and food stores were cross-referenced for each visit.
Statistical Model
The outcome Y ijs is the BMI of participant i in visit j at MESA site s. Measures of the favorable food environment are denoted X r r
, , , , which are counts of favorable food stores within ring-shaped areas around the address of the ith participant at visit j , with inner and outer radius r l −1 and r l , respectively. The basic distributed lag model used is denotes the association of the food environment measured between radius r l −1 and r l around participant's residential locations; Z ijs denotes the set of covariates previously described, with corresponding coefficients γ. We used r L = 5 miles as the maximum distance from the residential locations. The total number of lags L = 50 was used to allow for flexibility in the shapes of the associations of the aggregated environment feature and the outcome, and is deemed large enough to provide consistent estimates. 16 Thus, the hierarchical distributed lag model estimates the associations at every 0.1 of a mile.
As we would not typically expect associations to change abruptly across distance, we modeled the distributed lag coefficients β( ; ) r r
, , , , using splines. 34, 35 That is, we constrained the coefficients corresponding to adjacent ring-shaped areas to be similar, by modeling them as
where α 0 denotes the intercept of the lag effects, α 1 represents the average change of the association across distance, and α k are coefficients that capture deviations from linearity and are penalized to achieve smoothness. To enable (some) comparison with the traditional buffer-based approach, we used the model coefficients to derive average buffer-based associations. For given a priori buffer radius (i.e., a distance r k such as 1 mile), we derived the average association within the buffer of radius r k as Starting from the basic model in Equation (1) (referred below as "model 1"), we fitted additional models, detailed below, to investigate which additional distributed lag terms explain variation in BMI. We used the deviance information criterion to compare models. Deviance information criterion is a measure of goodness-of-fit in the Bayesian framework that trades off between model fitness and complexity 36 ; a lower value indicates a better model. The details of fitting hierarchical distributed lag models in a Bayesian framework were previously described, 23 although here the models are extended to include site-and individual-specific distributed lag coefficients within sites. R code used to fit all models is provided in the eAppendix (http://links.lww.com/EDE/B183).
Compared with model 1, model 2 includes interactions between the food environment associations defined in Equation (2) ;~, where Z ijs is the baseline age, sex, race/ethnicity, income, street connectivity, population density, or time since baseline, and where the θ 0s and θ 1s jointly capture the differences in the intercept and linear decay of the lag effects associated with one unit higher Z ijs in site s. Modeling between-individual differences only in the intercept and slope (θ 0s and θ 1s ) is consistent with model 3, because model 3 captures only individual heterogeneity in the distributed lag's intercepts and slope. These models were fitted separately for each variable, but for brevity are called "model 4."
RESULTS
At baseline, the mean age was 61.8 (SD = 10.1) years, 52% were female, 39% White, 12% Chinese American, 27% African American, and 22% Hispanic, although race/ethnicity was not evenly distributed by site (Table) . The mean BMI was 28.3 (SD = 5.41) kg/m 2 . The mean number of favorable food stores in buffers of size from 1 to 5 miles ranged from 7.3 (SD = 11.1) to 34.3 (SD = 41.3). Across the sites, NC and MN had the lowest number of favorable food stores, whereas NY had the highest availability and also the largest betweenindividual variability in the available food stores. Figure 1A , B shows unadjusted (except for sites and time since baseline) estimates for the overall distributed lag association between favorable food environment up to 5 miles and BMI, as well as buffer-based estimates. In this unadjusted model, the spatial scale where food environment-BMI association operates is approximately 3-4 miles. The estimated posterior probability that a buffer association is negative was 0.96 at 4 miles but 0.66 at 5 miles.
After adjusting for individual and neighborhood variables in model 1 (all other model coefficients are shown in eTable 2; http://links.lww.com/EDE/B170), the association between more favorable food environments with lower BMI was attenuated but still tended to be stronger at shorter distances between favorable food stores and residential locations, confirming the intuitive notion that smaller spatial scales are more relevant. The point estimate for the association declined quickly up to approximately 2 miles, implying food environment within this distance have larger associations with BMI.
The average association within buffers was much stronger for closer distances ( Figure 1D ). The estimated average association on BMI for a 1-mile buffer was −0.004 (95% credible interval [CI]: −0.012, 0.003) per additional food store; the estimated posterior probability that a 1-mile buffer association is negative was 0.87. In contrast, the estimated average association with a 5-mile buffer was 0.0001 (95% CI: −0.001, 0.002) per one food store increase; the estimated posterior probability that a 5-mile buffer association is negative was 0.40. The associations at other distances shown in Figure 1B can be found in eTable 3 (http://links.lww.com/EDE/B170).
Compared with model 1 (deviance information criterion = 113,571), model 2 (deviance information criterion = 113,577) yielded a slightly higher deviance information criterion, suggesting that the distributed lag coefficients capturing the food environment-BMI association across sites were not different. However, model 3 had a lower deviance information criterion (134,422) indicating that there is individual-level heterogeneity in the distributed lag coefficients, and comparing model 3 to a restricted version (deviance information criterion for model 3R = 134,578) indicated that the degree of individual-level heterogeneity was the different across sites. The results from model 3 thus support the idea that site-and individual-level differences in distributed lag coefficients exist. Figure 2 shows the average distributed lag coefficients within sites, whereas eFigure 1 (http://links.lww.com/EDE/ B170) demonstrates the degree of heterogeneity in the individual-level associations in each site. In NY, IL, and MN sites, the distributed lag coefficients were negative at shorter distances, although the NY estimates had higher precision (Figure 2 ). The similarities in the pattern of the distributed lag coefficients across distance from residential locations in these three sites suggest that the spatial scales in these sites are likely to be similar. The coefficient estimates in MD, CA, and NC were either zero or positive, although with a large degree of uncertainty. The individual-level variation in the coefficients was largest in NC and smallest in NY and CA (eFigure 1; http://links.lww.com/EDE/B170).
Using model 4, we examined whether the individual-level heterogeneity could be explained by individual characteristics (baseline age, sex, race/ethnicity, income), characteristics of the individual's residential location (street connectivity or population density), or time since baseline (e.g., aging). The only characteristic that resulted in a lower deviance information criterion (113,431) was sex. Deviance information criterion values from all the models can be found in eTable 4 (http://links.lww.com/EDE/B170). Figure 3 shows the point estimates of the associations of the food environment with BMI by sex and site for distances up to 5 miles from residential locations derived from model 4. Sex differences in the food environment-BMI association were more pronounced in NC and MN than the other sites. The apparent lack of association between food environment and BMI in NC (Figure 2) is likely a consequence of the positive association among men canceling the negative association among women. In MN, the favorable food environment is more negatively associated with BMI for women at shorter distances from residential locations, indicating the spatial scale for women may be smaller than for men. Estimates for site-specific average (buffer) associations by sex at 1-5 mile show similar trends as in Figure 3 (eFigure 2; http://links.lww. com/EDE/B170).
DISCUSSION
This study illustrates the use of hierarchical distributed lag models as a tool to examine the built environmenthealth association as a continuous function of distance from locations of interest, thereby indirectly informing the spatial scale of the association, and to examine variation in the associations or spatial scale across individuals and contexts. We investigated heterogeneity of spatial scale and magnitude in Former  37  42  35  40  41  38  28  Current  13  13  14  13  16  11 the association between favorable food environment and BMI.
In particular, we found that sex partially explained individuallevel heterogeneity in the spatial scale and magnitude in the negative food environment-BMI association.
A growing literature has begun to examine the extent of potential biases introduced by an arbitrary choice of spatial scale 15, 19, 37 and approaches to identify the relevant spatial scales at which the environment-health relationship operates. 20, 21 Our analysis allowed us to closely examine the way that the relationship between individual's neighborhood resources and BMI varied as a function of continuous distance to those resources in a longitudinal cohort study. While the directions of our findings were consistent with previous MESA studies, 6, 38 our investigation provides evidence that associations between favorable food environments and BMI are stronger at shorter distances between the stores and residential locations. It is plausible that presence of stores closer to the home is more relevant to BMI because individuals may be more likely to access stores closer to home due to convenience, ease, or transportation access. 39 It is important to note that unadjusted models illustrated a relevant distance of approximately 3-4 miles, whereas models adjusting for relevant covariates identified the shorter distance of about 2 miles. This may be due to the fact that the covariates included are also spatially patterned. Hence, the adjusted distance represents a more direct estimate of the distance of this association. Even in the absence of concrete evidence of the causes behind this pattern, this result can have implications for explaining inconsistencies found across other studies; it is plausible that research projects using smaller buffers would find a stronger association than those that use large buffers or administrative units (although both with potential biases as noted by Baek et al. 16 ). More generally identifying the spatial scale potentially involved in causal effects of environments on outcomes has important implications for interventions. 12 In addition, hierarchical distributed lag models allowed us to examine between-site and between-individual heterogeneity in the spatial scale and magnitude of the association between favorable food environment and BMI. We found that there is between-individual heterogeneity, the degree of which varied across sites. Among the observed factors, only sex explained between-individual heterogeneity in spatial scale and magnitude across sites in the food environment-BMI association. For instance, in NC and MN, the inverse association between food environment and BMI was stronger for women compared with men at a shorter scale from residential locations. Although not directly comparable, previous research reported a similar finding of the food environment and sex interaction. 40 To the extent that variability in the scale and magnitude of in associations may be due to unobserved differences in individuals' activity spaces driven by macrolevel contextual factors, our results suggest that NY participants have activity spaces more similar to each other compared with individuals in NC. Several studies have begun to use novel approaches, such as Global Positioning Systems (GPS) to understand individual activity spaces. [41] [42] [43] Another possibility is that said variability results from differences in urban form, including localized transportation resources to access food stores, which were unmeasured. Alternately, individuals living in different environments may be conditioned to expect or anticipate different travel time. As these new methods attempt to accommodate and account for the uncertainty due to unobserved individual characteristics by sites, few studies have examined explanations for between-individual heterogeneity. 42 Our approach allowed us to examine and quantify this heterogeneity.
As a result of the observational design of our study, we were unable to make causal inferences about the relationship between availability of favorable food stores and BMI. The circular shape of the neighborhoods may not represent the true underlying irregular shape of individuals' activity spaces, introducing measurement error into our exposure measures. 44 Although we adjusted for neighborhood SES, street connectivity, and population density, there may be residual confounding due to other neighborhood features. We did not adjust for mediators, such as diet or intentional physical activity, 6 because we sought to measure the total association between favorable food environment and BMI. While our study examined heterogeneity in the association by individual factors, an older adult sample may have limited our ability to examine heterogeneity across a broader age spectrum. Similarly, our examination of heterogeneity by city was limited to the six MESA sites, which may not represent smaller cities or rural areas in other geographic regions. Finally, while our application of hierarchical distributed lag models represents a case study to test an emergent methodology, this article only sheds light on variations in the neighborhood food environment-BMI relationship. Future study should apply these models to research examining other neighborhood features and health indicators. This is the first study applying hierarchical distributed lag models to cohort data for examining the food environment-BMI association. These models allowed us to examine the food environment-BMI association across a large spectrum of distances from individual's residential locations, thereby indirectly inferring the spatial scale for the association, and to study the variations of the spatial scale and association across individuals and larger contexts. In contrast to other studies, we did not specify buffers or areas a priori. Rather than ignoring or mentioning as limitations the potential differences in spatial scales across individuals and contexts, future study should consider employing methodologies, such as hierarchical distributed lag models that allow more nuanced investigation of various spatial scales in a systematic manner. This may enhance our ability to build theories about the relevant spatial scales for environmental effects that can subsequently be further examined and tested using a variety of qualitative and quantitative approaches.
